Abstract. Compression systems like JPEG include optional pre-processing with filtering to avoid compression artefacts. At higher compression ratios a stronger filtering is needed that impacts the large scale image content. To preserve the large scale information we have previously proposed to use non-linear diffusion as a pre-processing for filtering out small scale details irrelevant at a given compression ratio and acting as noise. Now we compare typical diffusion processes applied before the blockwise DCT compression using the peak signal to noise ration (PSNR) as an objective quality measure. We give a simple measure of artefact reduction in terms of PSNR, and show that a considerable artefact reduction is achieved by pre-processing at the same bit rate as and with no greater error than the original compression. We did tests to see if the above artefact reduction implies a better subjective impression of quality. The images processed with the PSNR-based algorithm had nearly the same but greater PSNR value as the original compression. Subjects preferred noisy image content to the lack of small scale details, so the subjective preference of the images with reduced artefact is worse that of the original compression. Results suggest however that non-linear diffusion is more efficient for artefact reduction than non-adaptive smoothing like Gaussian filtering in terms of the subjective preference.
Introduction
Lossy image and video compression yield typical error patterns on the decompressed images or video sequences due to the quantisation error. Depending on the compression scheme and the bit rate, these can be ringing patterns around the edges, false or blurred texture, visible block-boundaries in block-partitioning schemes [20] . These phenomena are called compression artefacts. Compression artefacts not only deterio-
Non-linear Diffusion and Adaptive Filtering
We consider diffusions that are potentially useful for artefact reduction having different levels of edge-adaptability. We begin by analysing the linear diffusion (LD) process.
We treat images as positively valued smooth functions defined at the points . Let us take the smoothing of an image with Gaussian kernels . We obtain a family of images with and u
. Each element u of this family can also be obtained [6, 10] by an LD process done on the image up to time t, i.e., u
for all and , where is the solution of the LD equation
with the initial condition . The LD generates a multiscale representations of images [1, 6] , where t is called the scale of the diffusion.
To understand the usefulness of this filtering for artefact reduction, the Laplacian operator is written as a sum of two orthogonal components
where denotes the second spatial derivative in the direction orthogonal to the gradient ∇ , and is the second spatial derivative in the direction parallel with the gradient . The term u can be interpreted as an "infinitesimal" Gaussian filtering along the edge, and u as an "infinitesimal" Gaussian filtering across the edge. This low-pass filtering can contribute to the reduction of the ringing artefact, which is the result of the sharp frequency cut-off caused by quantisation at lower bit rates. In Eq. 2, the edge-parallel and edge-normal directions have equal weights, and both diffusion terms depend only on the direction of To add contrast and directional sensitivity we extend Eq. 2 as
where p and are weighting functions controlling the diffusion along and across the edges, respectively, and n σ >0 is a fixed parameter. The purpose of the presmoothing with G is to obtain a reliable estimate on edges, and to make the equation robust against noise. We allow full diffusion at uniform regions where the value of 
Contrast adaptive
Non-linear Isotropic Diffusion (NLID) [18] Pure Anisotropic Diffusion (PAD) [2, 5] u G * ∇ σ is small and to inhibit the diffusion at edge locations where u G * ∇ σ is large. One possibility to control the diffusion in this way is to use the weighting function
where and is a fixed parameter [16] . With the special choice
, we obtain the diffusions examined in this paper
The parameter α controls the directional adaptability and the parameter K controls the contrast sensitivity. The diffusions obtained for particular choices of the parameters are listed in Table 1 .
Whatever the parameters α and K are, the diffusion can contribute to the suppression of the ringing artefact to some degree, as explained above. Moreover, since the minima and the maxima of the intensity values get closer (the contrast decreases), the DC values of the neighbouring DCT blocks of a flat area are more likely to fall into the same quantisation bin after the pre-processing, thus decreasing the blocking artefact. We used forward numerical schemes for the above equations in all of our experiments with the fixed step size , where m is the number of iterations done by the numerical scheme.
Artefact Reduction
To explain artefact reduction, we observe the details of the different compressed versions of the test image "Goldhill" shown in Fig. 3 . The JPEG compressed image clearly suffers from ringing and blocking artefacts. By diffusion pre-filtering the artefacts will be reduced. It can be seen in Figs. 3b-d, if we compare the images along the high-contrast edges, or surfaces where block-boundaries become less visible.
Apart from visual quality, artefacts can also impair the stability of a computer vision algorithms. As an example, we give the edge detection results for the compressed versions of the image "Boat" from Fig. 4 . The contours were extracted with a Canny edge detector [12] using fixed parameters. We compared the edges with the edges of the original image, and separated the true edge points from the falsely detected edge points. The true edge points are shown in Figs. 5 and the false detections are shown Fig. 6 . Clearly, though the compressed image without pre-processing lets more original edge points detected (mainly texture), it will also give rise to more false structures. The ration of the number of true and false edge points in this example is 1.38 for the compressed image and 1.68 for the compressed image with preprocessing.
We try to define and measure artefact reduction first. Let P t denote a diffusion pre-processing method done up to scale t and C the compression method (JPEG in our case). We assume for now that the bit rate is fixed. We say that an image f can be compressed at better quality than an image g at the given rate if , where and C denote the compressed images, and
, with N denoting the image size, and MSE the mean square error. This quality measure is used usually to evaluate compression results. Our goal is to transform f into an image f ′ by pre-processing so that we can compress at a better quality than f. f ′ Suppose that we pre-process the image f with a diffusion method P up to scale t. The reconstruction quality of the pre-processed image P t f at the given fixed bit rate will be ( )
The quality of the compression with pre-processing relative to the original image f is
The reconstruction quality of the compression without pre-processing is
A diffusion processing method is said to reduce artefact if there is a scale t≥0 such that P t f can be compressed at a better quality than f, i.e., if , under the constraint . We impose the latter constraint, since any processing is meaningful only if the original quality does not decrease. 
The tendencies of the curves Q and Q as a function of t are shown for "Goldhill" in Fig. 1a and 1b for the pre-processing with NLID at bit rate c = 0.25 bits/pixel. The combined plot of and Q as a function of the increasing scale is show in Fig. 1c . Important to note is that the value Q increases monotonously with t, and that Q changes around the value Q , reaches a maximum, and drops for larger scales. We can use Q to measure the artefact reduction.
The latter observations and our definition of the artefact reduction lead us to the definition of the following two characteristic scales for each particular preprocessing method P:
1. The scale corresponding to the largest artefact reduction with maximal quality improvement,
2. The scale corresponding to the maximal artefact reduction,
These scale values are indicated in Fig. 1 , with a diamond and with a circle. Note that the pre-processing up to scale t will redistribute the original compression error, so that the maximum portion of the quality will be devoted to the main structure of the image, as defined by the underlying multiscale representation, and the smallest portion of quality will be allotted to the small-scale details and noise. Different diffusion methods will do this redistribution in different ways. According to the theory concerning the filtering with non-linear diffusion, the more adaptive diffusion is, the better this redistribution will be. The results of the subjective tests support this claim. 
Results
We compare the pre-processing with three diffusion processes (LD, NLID, PAD) for three typical test images at two selected bit rates. The results are summarized in Table 2. The table contains the original compression quality Q without pre-processing , the maximal improvement in quality Q with the corresponding value indicating the artefact reduction, and the quality values and Q corresponding to the maximal artefact reduction (compare Fig. 1) . Note that the value is very close, but in general it is not equal to . This is because we cannot change the scale parameter and the quantisation intervals continuously.
These values show that it is possible to improve the compression quality in PSNR up to 1.5%, depending on the bit rate. As regards the artefact reduction, the pre-processed images can be compressed at 5 -10% better quality than the original image at the pre-processing scale t 1 , and at up to 20% better quality at the preprocessing scale t 2 , without loss in the quality as compared to the original image ( ). The relative improvement in any sense is better for the lower bit rate.
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If we look at the images in Fig. 3 , we can see that the pre-processed images have fewer artefacts. The LD-pre-processed image has got more blurred than those pre-processed with non-linear diffusion.
Though we have shown that it is possible to obtain a maximal improvement in the PSNR compression quality by pre-processing up to scale t 1 , this will not yield a large perceivable artefact reduction in general. With the maximal artefact reduction, there is a larger perceivable artefact reduction, but in spite of the PSNR results, which suggest improvement, we should test whether the subjective quality is deteriorated by the blur involved in these diffusion processes.
For the above mentioned reasons, we were interested in comparing the different pre-processing methods on a subjective scale for the maximal artefact reduction (scale ). We did a so-called Thurstone-scaling experiment [22, 23] . The subjective scale is constructed based on a larger number of pairwise comparisons of the different stimuli. Thurstone-scaling is typically used in situations where the stimuli are very similar (in our case, we have nearly equal MSE for the images) or where the measured quantity is hard to describe exactly (image quality is hard to define in general). In the scaling experiment, a test image is taken, and the test person has to compare each version of the image which each other version of the image. The versions constitute the compressed image without pre-processing, and the compressed images with the different pre-processing methods (only one pair is shown on the display at a time). We made the test for three different images. The scaling method gives useful results if the stimuli are very similar and do not contain outliers. For these reasons, the original images were excluded from the comparisons.
In this way, we did not measure the similarity (distance) to the original image, but a subjective impression of quality manifesting itself in the preference decisions of the human observers.
We show the results in Fig. 2 obtained for a subjective test with 21 test persons. We constructed scales for the two compression rates by collecting the scores for the different methods across the different test images. The scales for these overall scores are also shown in Fig. 2 . The scale is interpreted roughly as follows: the guesses of subjects for each item (JPEG, LD, etc.) are modelled as normally distributed random variables having the same variance, which is equal to the unit of the scale. The scale value for each item is the expected value of the corresponding random variable. The unit of the scale is interpreted as the uncertainty of the guesses of subjects. We emphasize that the scales in Fig. 2 are not directly comparable, since the units are obtained implicitly through the construction of each particular scale, and depend on the image. The parameters of the above Gaussian distributions are computed based on the preference probabilities for each pair of images (the probability that one image is preferred to the other). These probabilities are in turn obtained by counting the scores for each pair. There are more possibilities for measuring the reliability of the scales. The -test of Mosteller [13] is typically used for these purposes. Another way to test reliability is to compute the regression coefficient between the set of preference probabilities and the preference probabilities recomputed with the parameters of the Gaussian model. The results of the reliability-test are summarized in Table  3 . Because the scale for "Boat" at 0.4 bits/pixels is not very reliable, the scores for this case were not considered in the construction of the overall scale for 0.4 bits/pixels. Although the compared images have almost the same PSNR error (quality values in Table 2 ), their preference by the subjects is quite different. The subjective preference of the non-linear diffusion methods is significantly larger than of the LD. The adaptive diffusions NLID and PAD are quite similar (compare Figs. 3  and 3) suggesting that the contrast adaptability is more important than the directional sensitivity, though since PAD is almost always better than NLID, directional adaptability is also important. We conclude that better adaptability leads to a better redistri-) ( 2 t Q P Table 3 Results of the -test of Mosteller for the subjective scaling experiment. The hy-2 χ pothesis is that the obtained scale values are correct. The sample size is n, the degree of freedom of the test is df=3. The probability that the scales are not random is . The regression coefficient 0≤ r ≤1 gives the goodness of fit of the preference probabilities reconstructed from the model to those obtained by counting the scores. bution of the original bit/quality-rate by devoting larger portions of these resources on perceptually important information. The compressed images without pre-processing show a superior subjective preference over the pre-processed ones, though they are actually worse in PSNR. This can be due to the fact that many subjects preferred sharp though falsely textured regions rather than smoothed areas, where the undersampled textures and compressionartifacts were removed by the pre-processing . It may follow the well-known effects of psycho visual illusions (like as Kanizsa figures [8] ), which can be derived from the description of brain stimuli responses of neurosciences (e.g. [7] ). It says that the brain, based on its high adaptability, may detect anomalous contours from the partially degraded details, like from artefacts.
Conclusion
We have considered the application of different diffusion methods as a preprocessing step for artefact reduction for the blockwise DCT compression, which we previously proposed in [21] . The compression quality improvement achievable by diffusion preprocessing is only up to 1.5% in PSNR for our test images and for low bit rates. For some of these test images, 2-3% improvement in PSNR was reported for postprocessing methods [20] for the same bit rates. Note that diffusion pre-processing is done only once in the compression phase, and it consists of local iterative local operations. We have also seen that such small differences in the PSNR can yield surprisingly different results in the subjective evaluation.
The pre-processed images can be compressed with a significantly better PSNR than the original image, where the quality of all these compressed images have a better or equal value as compared to the original image. This means that these images are less susceptible to artefacts.
The subjective tests have shown that for a fixed bit rate and error-rate, adaptive diffusion captures better the visually important information in images. However, since the diffusion pre-processing algorithm is tuned by using PSNR to estimate the image quality and the artefact reduction, and since the blur involved in the artefactremoval filtering is less tolerated by the human observers than the artefacts, the perceived subjective quality of the images will generally be decreased by pre-processing when done up to the maximal artefact reduction. We have to remark, that to our knowledge, no such subjective tests were done for other quality enhancement methods like post-processing.
Currently we are trying to find methods for establishing better diffusion preprocessing parameters in order to improve the subjective performance. We also do a modified subjective experiment, where the original image is displayed along with the two images to be compared. Preliminary results show that there are better parameter choices and that the two experiments, the one in the presence of the original image and the one without the original displayed, can yield quite different results. 
